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Abstract 

The purpose of this article is to identify the order of significance of the variables that affect science and 
mathematics achievement in middle school students. For this aim, the study deals with the relationship between 
science and math in terms of different angles using the perspectives of multiple causes-single effect and of 
multiple causes-multiple effects. Furthermore, the study examines and reveals how the reading skills, problem 
solving skills, cognitive and affective variables influence the math and science achievement. The data was 
collected from the results of Turkish students who participated in three international examinations; TIMSS 
1999, PISA 2003 and PISA 2006. We analyzed the data using two data-mining methods (decision trees and 
clustering). The findings show that science or mathematics achievement is not influenced by the course -specific 
variable alone but also by other related variables. The following variables are the most important; the students’ 
reading and problem-solving skills affected both mathematics and science achievement; the mathematics 
achievement affected the science achievement; and the science achievement affected the mathematics 
achievement. It is also found that the affective variables have almost equally significant effects on the science 
and mathematics achievement. 

Key words: Integrated science and mathematics; data mining; TIMSS; PISA 


Introduction 

The relationship between science and mathematics has been significant throughout the history of science (Kiray, 
2012). Sometimes the work of a mathematician has been the basis of a great scientific invention, and scientific 
study has led to a new mathematical domain. Until the beginning of the 1700s, both subjects were combined 
under the heading of natural philosophy (Cahan, 2003) but as a result of the accumulation of knowledge over 
time, they became independent disciplines. However, since the fields of science and of mathematics are closely 
related thinking systems (McBride, 1991), an implicit relationship has always naturally existed between them 
(House, 1990; Berlin, 1991; Kurt & Pehlivan, 2013). “Science provides rich contexts and concrete phenomena 
demonstrating mathematical patterns and relationships. Mathematics provides the language and tools necessary 
for deeper analysis of science concepts and applications.” (Basista & Mathews, 2002). Therefore, in science and 
mathematics instruction, in order to achieve the goals of the science course, mathematics should be used, while 
similarly science topics should be employed in order to make the mathematics topics more concrete (Ta^demir 
& Ta§demir, 2008). This connection between science and mathematics is inevitably reflected in school 
curriculums. Courses based on science offered by most schools depend on mathematical skills (Basson, 2002). 
On the other hand, the mathematics course is supported by the science course in integrating knowledge with 
everyday experiences. 

Science and mathematics courses are usually designed independently but there are many visible attempts to 
make connections between them in various countries, including in Turkey. This recent attempt is largely a result 
of the reactions to the achievement levels Turkish students in international examinations such as TIMSS and 
PISA, which lag behind the international averages. Such examinations provide the participating countries with 
the opportunity to compare themselves with other countries in terms of science, mathematics and reading scores 
(Aypay et al, 2007). The overall goal of TIMSS is to improve science and mathematics instruction in different 
countries by providing data on which instructional programs, instmctional activities and school environments 
lead to higher levels of student achievement (Gonzalez & Miles, 2001). PISA examinations, on the other hand, 
are administered in order to measure the levels of reading, mathematics and science as well as problem-solving 
literacy (Shelley & Yildirim). This examination focuses not on the access levels of school curricula but on the 
knowledge and skills necessary for effective participation in social life (Berberoglu & Kalender, 2005). At the 
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same time, PISA measures the levels of students in regard to use of the information and skills acquired in the 
school in the real-life situations (EARGED, 2005). International examinations deal with the scores of science, 
mathematics, reading and problem solving that are a part of the cognitive domain as well as with some basic 
characteristics related to achievement. As is widely known, the factors that have impacts on student achievement 
can be cognitive and/or affective. Research on this topic indicates that student achievement is related to affective 
characteristics (Oliver & Simpson, 1988; Giingor et al., 2007). Some of the affective characteristics are 
identified as; interest, self-concept/confidence, self-efficacy, belief, anxiety, self and motivation (Gomleksiz, 
2003; Dede & Yaman, 2008). 

As stated above, interest is one of the affective characteristics. It is commonly assumed that a prerequisite for 
learning is being interested in the subject to be learnt. Therefore, the higher the interest in the subject matter, the 
higher the level of learning achieved (Dewey, 1933; Hizarci et al., 2005; Erten, 2008). Moreover, interest is 
known to affect both cognitive and affective processes (Yaman et al., 2008). Interest develops over time and 
influences the attitude of the individual. In order for a tendency to be a full attitude, the individual should 
exhibit it for a long period of time (Tav^ancil, 2006). One of the significant goals of science and mathematics 
education is to develop in students positive attitudes towards science and mathematics. The major reason for 
students having negative attitudes towards these two courses seems to be lack of interest and motivation (Bilgin, 
2006). Both interest and motivation are significant factors in improving the concentration and achievement 
levels of students. Individuals’ interest, attitude, motivation and achievement as well as self-belief are in close 
interaction with one another. 

Self-belief is significantly related to science and mathematics achievement (House, 2004). One aspect of self- 
belief is self-concept. Self-concept is about how one person perceives himself. “Academic self-concept and 
school performance strongly interact. When learning experiences are positive, self-concept is enhanced; when 
they’re negative, it suffers” (Eggen & Kauchak, 2001, p.100). On the other hand, self-concept is closely related 
to self-efficacy. High achievers feel self-efficacious and personally responsible for control of their academic 
learning process (Zimmerman et al., 1996; Girasoli & Hannafin, 2008). “Efficacy beliefs influence how people 
think, feel, motivate themselves and act” (Bandura, 1995). A person’s level of arousal, whether perceived 
positively as anticipation or negatively as anxiety, can influence his or her self-efficacy beliefs (Tschannen- 
Moran & McMaster, 2009). It is commonly argued that anxiety is a multi -dimensional construct (Bursal, 2008) 
and that it is related to negative attitude, avoidance, background, instructor behaviors, level of achievement, lack 
of confidence and negative school experiences (Bursal & Paznokas, 2006; Harper & Daane, 1998; Hembree, 
1990; Sloan et al., 2002). 

Chaos, Fuzzy Logic and Data Mining 

Lorenz developed the idea of the butterfly effect as a result of computer-assisted weather forecast calculations in 
1963. The idea, a metaphor for chaos theory, is that the flutter of a butterfly in China in March leads to changing 
the nature of a hurricane that will occur in the Atlantic Ocean in August (Gleick, 1987). Following this idea, 
scientists today deal with the reasons for the hurricane occurring in the Atlantic Ocean and mathematicians with 
the mathematical models accounting for the variables leading to the hurricane. Given that the variables leading 
to the hurricane interact with one another, it is quite clear that such a cause-effect relationship cannot be linear. 
Furthermore, such a relationship cannot be understood following double logic. “Fuzzy logic” developed by 
Zadeh (1965) is an alternative approach in that it suggests that almost none of the systems in real life are linear. 
A fuzzy set is the most basic element of fuzzy systems. A fuzzy set is one in which there are elements with 
varying levels of membership or of belonging. The membership value of the elements that do not belong to the 
set is 0 while the membership value of those elements that are full members of the set is 1. For those elements 
whose membership status is not clear, membership values ranging between 0 and 1 are assigned (Alta§, 1999). 
Advances in computer science have made it possible for the theory of the fuzzy set depending on fuzzy logic to 
be used commonly. 

One of these areas is data mining, in which chaos theory and fuzzy logic are employed to identify the 
relationships among data (Alata§ & Akm, 2004). Data mining is a multidisciplinary tool that helps scientists to 
discover the designs, relationships, modifications, irregularities, rules and statistically significant patterns within 
the data and aims at predicting the results as well as implicit relationships within the data sets (Mitra et al., 
2002; Alata§ & Akm, 2004). Data mining is the process of exploration and analysis, by automatic or semi- 
automatic means, of large amounts of data in order to find out useful patterns and rules (Berry & Linoff, 2000). 
In essence, data mining is the center of KDD (Knowledge Discovery in Databases). KDD is the overall process 
that involves all the stages of distilling data into information, and is better known by the more popular term 
‘data mining’ (Miller & Han, 2001). KDD contains some important steps, as shown in Figure 1. This process 
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consists of a series of transformation steps, from data preprocessing to evaluation/interpretation of data mining 
results. The purpose of preprocessing is to transform the raw input data into an appropriate format for 
subsequent analysis. The stages involved in data preprocessing include fusing data from multiple sources, 
cleaning data to remove noise and duplicate observations, and selecting records and features that are relevant to 
the data mining task at hand (Tan et al., 2005). The KDD process is given below. 



Figure 1. The KDD process (adapted from Mitra et al., 2002) 


Aim of the Study 

“Philosophically and theoretically, there is strong support for the integration of science and mathematics 
teaching and learning as a way to improve and enrich the science and mathematics learning experiences” (Berlin 
1991). If teachers are aware of which variables affect students’ science and mathematics achievement, they may 
be able to tackle some of the causes of underachievement. Sometimes these effects can be seen with the linear 
models that emerge from positivist philosophy. However, human beings and their learning processes are very 
complex. Hermeneutic philosophers (suh as Kuhn) are opposed to linear thinking processes, arguing instead for 
chaos and fuzzy logic (Perla & Carifio, 2005). In regard to accounting for levels of 
achievement/underachievement in science and mathematics courses, Lorenz’s (1963) idea of the butterfly effect 
means that all variables, including those that have been regarded as irrelevant and those that have very minimal 
effects on student achievement, should be taken into consideration. If the flutter of a butterfly causes many 
events, or the reasons for the hurricane are various not single, then can the same reasoning be valid for 
educational situations? In this context, a student’s math anxiety may affect his science achievement, or the 
efficacy problems experienced by a student in regard to science may influence his mathematics achievement. 
Similarly, positive attitudes towards mathematics developed as early as the elementary education years may 
have an impact on later science achievement. In the same vein, high levels of motivation towards science may 
positively affect later mathematics achievement (Kiray, 2010). 

On the other hand, the reason for underachievement may be a student’s poor reading and problem-solving skills. 
Furthermore, science achievement may be a result of mathematics achievement. If we are to improve the science 
or mathematics achievement levels, can we realize it by focusing on just the content of one of these courses? 
Considering both courses in a parallel way may guide our attempts to improve the achievement levels in these 
two courses. If there is a non-linear relationship between science and mathematics leading to the butterfly effect, 
variables belonging to the affective domain and basic skills such as reading and problem solving may 
significantly affect this relationship. In order to uncover these relationships, not the classical logic but fuzzy 
logic should be employed. Understanding these relationships can benefit from the administration of 
examinations at different time periods in terms of the variable of time. Large-scale data that represent country 
samples can contribute to these relationships in terms of the variable of position. In the current study, we used 
data on international examination results that offer large-scale data about Turkey and that were obtained at 
different time periods. This study is limited to courses in science and mathematics, which have been considered 
to be closely related to each other historically and in terms of their nature and the factors affecting the 
achievement levels in these courses. The aim of the study is to determine the order of significance of the factors 
influencing the achievement levels in science and mathematics courses using data mining methods. Given that 
changes in the initial conditions of one variable affect the other variables, it is assumed that this relationship is 
non-linear. The data obtained from three distinct international examinations are used to identify the significance 
order in the non-linear relationship. Therefore, the study has been designed at two distinct patterns in order to 
search for single cause-multiple effects and multiple causes-multiple effects. The research questions that we will 
attempt to answer through the study are as follows: 
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1- When only the science achievement is considered as a predictable variable, what is the significance order of 
the variables having an impact on this achievement? 

2- When only the mathematics achievement is considered as a predictable variable, what is the significance order 
of the variables having an impact on this achievement? 

3- When both the science and mathematics achievement is considered as a predictable variable, what is the 
significance order of the variables having an impact on this achievement? 


Method 


The data used for the study were collected from the TIMSS 1999, PISA 2003 and PISA 2006 examinations that 
were administered to Turkish students in the 15-year age group. The variables examined in the study are given 
in Table 1. The variables given in Table 1 are analyzed through the use of data mining methods. 


Table 1. Variables examined in the whole study 


Exam Name 

Variable name 

Description 

TIMSS 1999 

BsmmatOl 

Mathematics achievement 

TIMSS 1999 

BssseOl 

Science achievement 

TIMSS 1999 

Bsbmgood 

Motivation to math 

TIMSS 1999 

Bsbsgood 

Motivation to science 

TIMSS 1999 

Intscie 

Interest, importance and value science 

TIMSS 1999 

Intmat 

Interest, importance and value math 

TIMSS 1999 

Bsdmcmai 

Index of confidence in math ability 

TIMSS 1999 

Bsdscsai 

Index of confidence in science ability 

TIMSS 1999 

Bsdmpatm 

Attitude to math 

TIMSS 1999 

Bsdspats 

Attitude to science 

PISA 2003 

Pvlmat 

Mathematics achievement 

PISA 2003 

Pvlscie 

Science achievement 

PISA 2003 

Pvlprob 

Problem solving achievement 

PISA 2003 

Pvlread 

Reading achievement 

PISA 2003 

Mateff 

Math self-efficacy 

PISA 2003 

Anxmat 

Math anxiety 

PISA 2003 

Intmat 

Interest in math 

PISA 2003 

Scmat 

Math self-concept 

PISA 2006 

Pvlscie 

Science achievement 

PISA 2006 

Pvlread 

Reading achievement 

PISA 2006 

Pvlmat 

Mathematics achievement 

PISA 2006 

Intscie 

General interest in learning science 

PISA 2006 

Scieff 

Science self-efficacy 

PISA 2006 

Scscie 

Science self-concept 


Data Preparation and Applying Data Mining Methods 

The understanding and the preparation stages are among the most important steps in the data mining 
applications (Delen et al., 2005). At the start of this study, three datasets which contain the data of TIMSS 1999 
and PISA 2003/2006 exams were exported to SQL Server database from SPSS. At the same time, unnecessary 
variables in the dataset were excluded. The TIMSS 1999 data that we used in the analysis consisted of eight 
inputs and two predictable variables as well as 7163 records. These variables and their properties are listed in 
Table 2. 


Table 2. Types and usage parameters of variables included in the TIMSS 1999 dataset 


Variable Name 

Type 

Model 1 Usage 

Model 2 Usage 

Model 3 Usage 

BSMMAT01 

Numeric 

Predict Only 

Input 

Predict 

BSSSCI01 

Numeric 

Input 

Predict Only 

Predict 

BSBMGOOD 

Discrete 

Input 

Input 

Input 

BSBSGOOD 

Discrete 

Input 

Input 

Input 

BSDMCMAI 

Discrete 

Input 

Input 

Input 

BSDSCSAI 

Discrete 

Input 

Input 

Input 

INTMAT 

Discrete 

Input 

Input 

Input 

INTSCIE 

Discrete 

Input 

Input 

Input 

BSDMPATM 

Discrete 

Input 

Input 

Input 

BSDSPATS 

Discrete 

Input 

Input 

Input 
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Likewise, the PISA 2003 dataset has six inputs, two predictable variables and 4855 records. Similarly, the PISA 
2006 dataset has four inputs, two predictable variables and 4942 records. PISA 2003/2006 variables and their 
properties are given in Table 3 and Table 4 respectively. 


Table 3. Types and usage parameters of variables included in the PISA 2003 dataset 


Variable Name 

Type 

Model 1 Usage 

Model 2 Usage 

Anxmat 

Numeric 

Input 

Input 

Intmat 

Numeric 

Input 

Input 

Matheff 

Numeric 

Input 

Input 

Pvlmath 

Numeric 

Predict Only 

Predict 

Pvlprob 

Numeric 

Input 

Input 

Pvlread 

Numeric 

Input 

Input 

Pvlscie 

Numeric 

Input 

Predict 

Sc mat 

Numeric 

Input 

Input 


In order to carry out the research, Microsoft SQL Server 2008 Analysis Services software is chosen as the 
analyzing platform as it supports regression trees (the continuous variable version of decision trees). Since the 
goal of this data mining study is to develop models that can be used to discover the relationships of science and 
mathematics achievement, a decision tree, a well-known classification technique, and clustering, a descriptive 
data mining technique, were used simultaneously during the analysis. In addition, Microsoft SQL Server 
Analysis Services employs its own decision tree algorithm (Microsoft Decision Trees) and clustering algorithm 
(Microsoft Clustering). The Microsoft Decision Trees algorithm supports both discrete and continuous valued 
variables/attributes as the predictable variable. Another reason for selecting this algorithm and software is that 
these can build dependency network graphs which indicate the influences of independent variables on 
predictable variables. The dependency network graphs display the relationships among variables derived from 
the content of the decision tree model. Each node in the graph represents one variable, and each edge represents 
the relationship between two nodes (Tang & MacLennan, 2005). 


Table 4. Types and usage parameters of variables included in the PISA 2006 dataset 


Variable Name 

Type 

Model 1 Usage 

Model 2 Usage 

Scieeff 

Numeric 

Input 

Input 

Pvlmath 

Numeric 

Input 

Predict 

Pvlintr 

Numeric 

Input 

Input 

Pvlread 

Numeric 

Input 

Input 

Pvlscie 

Numeric 

Predict Only 

Predict 

Scscie 

Numeric 

Input 

Input 


The decision tree is a data mining approach that is often used for classification and prediction. Although 
different techniques, such as neutral network, can also be employed for classification purposes, decision tree 
methodology has the advantages of easy interpretation and understanding for decision makers to compare with 
their domain knowledge for validation and to justify their decisions (Chien & Chen, 2008). In addition, there are 
a few advantages of using decision trees over using other data mining algorithms, for example, decision trees are 
quick to build and easy to interpret and prediction based on decision trees is efficient (Tang & MacLennan, 
2005). Hence, the decision tree models shown below are created for each dataset for the purpose of this study, 
and then the results were converted into tables. 

As the purpose of analysis of the TIMSS data is to discover the factors influencing achievement in science and 
math, we produced three models for different goals. The first model focuses on factors that affect math 
achievement, so only the BsmmatOl variable was marked as predictable. Similarly, the second model is focused 
on science achievement. Therefore the BsssciOl variable was marked as “predictable” the same as in the first 
model. However, the third model’s aim is to investigate science achievement as a factor influencing 
mathematics and vice versa. Hence the BsmmatOl and BsssciOl variables were both marked as “predictable” in 
the third model. All the other variables are used as input variables and all the initial parameters of Microsoft 
Decision Trees algorithm are kept in default settings, so no special manipulation is done over the dataset and 
pure results are revealed. After the stage of model creation, we created seven decision tree models. We obtained 
the order of influencing factors (variables) on the predictable variables via dependency network graphs. We 
used a similar approach in analysis of the PISA 2003 and PISA 2006. 
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Figure 2. Variables affecting the science achievement 

On the other hand, the aim of clustering is to find groups of closely related observations so that observations that 
belong to the same cluster are more similar to each other than observations that belong to other clusters (Tan et 
al., 2005). Clustering is a useful technique for the discovery of some knowledge from a dataset. It is an 
exploratory method for helping to solve classification problems. Its use is appropriate when little or nothing is 
known about the category structure in a body of data. The objective of clustering is to sort a sample of cases 
under consideration into groups such that the degree of association is high between members of the same group 
and low between members of different groups (Chiu et al., 2009). Assigning cases to clusters is one of the most 
significant differentiators in clustering algorithms. The Microsoft Clustering algorithm serves two distinct 
techniques in clustering; K-means and expectation maximization (EM). In the K-means method, every case is 
assigned to one and exactly one cluster, whereas the EM method uses a probabilistic approach to assign clusters. 
Thus, a case does not have to be a member of a single cluster (soft clustering) as in the K-means approach (hard 
clustering) (Tang & MacLennan, 2005). 

The data we used in both the decision trees and clustering studies is TIMSS 1999, PISA 2003 and PISA 2006 
data from Turkey. In the clustering phases of study, we employed the EM algorithm. To gain natural clusters, 
we set the “Cluster Count” parameter of the algorithm to “0”, meaning automatic and natural clustering. 
During the clustering phase, ten clusters were derived from the PISA 2003 and TIMSS 1999 datasets, and nine 
clusters from the PISA 2006 dataset. 


Results 

The variables used in the study are taken as predictable variables together either with only the science score or 
with only the mathematics (or math) score or with both scores based on the properties of the related exams and 
were then analyzed by means of both decision tree and clustering techniques. The results obtained are given 
below in chronological order of the examinations. 

TIMSS 1999 Examination 


Predictable Variable: Science (TIMSS 1999) 


34 Kiray, Gok & Bozkir 


Table 5 was completed using a dependency network together with a decision tree, and shows the most dominant 
variables as well as the most recessive ones. This order of significance is given in Table 5. With the science 
achievement score (BsssciOl) taken as the single predictable variable, the order of significance for the variables 
having an impact on it is given in Table 5. It can be seen that the most dominant variable on the science 
achievement score is the mathematics achievement score (BsmmatOl). Although the math interest (Intmat) and 
math attitude (Bsdmpatm) values are considered to be variables, they are empty in Table 5 and no effect of them 
on the science achievement score is observed. 


T a ble 5. Order of significance for the variables affecting only science achievement score in TIMSS 19 99 


Predictable 

Variable 

Order of 
Predictors 









BSM- BSS- 

BSB- 

BSB- 

BSD- 

BSD- 

INT- 

INT- 

BSD- 

BSD- 

MAT01 SCI01 

MGOOD 

SGOOD 

MCMAI 

SCSAI 

MAT 

SCIE 

MPATM 

SPATS 

BSSSCI01 

1 

5 

3 

4 

2 


7 


6 


Predictable Variable: Mathematics (TIMSS 1999) 


Table 6 was completed using a dependency network together with a decision tree, and shows the most dominant 
variables as well as the most recessive ones. This order of significance is given in Table 6. With the math 
achievement score taken as the single predictable variable, the order of significance for the variables having an 
impact on it is given in Table 6. Although science interest (Intscie), math attitude and science attitude (Bsdspats) 
values are considered to be variables, they are empty in Table 6 and no effect of them on the math achievement 
score is observed. 


Table 6. Order of significance for the variables affecting only math achievement score in TIMSS 1999 


Predictable 

Variable 

Order of 
Predictors 










BSM- BSS- 

BSB 

BSB 

BSD- 

BSD- 

INT- 

INT- 

BSD- 

BSD- 


MAT01 SCI01 

MGOOD 

SGOOD 

MCMAI 

SCSAI 

MAT 

SCIE 

MPATM 

SPATS 

BSMMAT01 

1 

3 

4 

2 

5 

6 





Predictable Variables: Science and Mathematics (TIMSS 1999) 


Table 7 was obtained using a dependency network together with a decision tree and shows the most dominant 
variables as well as the most recessive ones. This order of significance is also given in Table 7. When the 
science and math achievement scores are taken as the single predictable variables, the order of significance for 
the variables having an impact on them is given in Table 7. This table clearly indicates that the math 
achievement score is the dominant variable on the science achievement score. It is also seen that there is no 
empty column except for where both achievement scores overlap. When both achievement scores are regarded 
as predictable variables, all of the variables appear to be significant. In addition to the order of significance for 
variables extracted from dependency networks derived from the decision trees, the common characteristics of 
the students who participated in the exams are studied as well as the correlations among variables, which are 
analyzed via the clustering study. In the clustering study, the students are grouped considering the same input 
variables as in the decision tree analysis phase. The clusters of student characteristics can then be analyzed with 
the help of the “clustering profile viewer” of the Microsoft Analysis Services program (Figure 2). 


Table 7. Order of significance for the variables affecting both science and math achievement score in TIMSS 

1999 


Predictable Order of 

Variables Predictors 



BSM- 

BSS- 

BSB- 

BSB- 

BSD- 

BSD- 

INT- 

INT- 

BSD- 

BSD- 


MAT01 

SCI01 

MGOOD 

SGOOD 

MCMAI 

SCSAI 

MAT 

SCIE 

MPATM 

SPATS 

BSSSCI01 

1 


16 

10 

15 

5 

14 

6 

8 

9 

BSMMAT01 


2 

3 

7 

4 

13 

12 

18 

17 

11 


When TIMSS 1999 clustering results and BsmmatOl providing the math achievement status as well as BsssciOl 
providing the science achievement status are taken into consideration, it is seen that high and low achievers in 
the fields of science and math are members of the same clusters (see Fig. 3). Although the other variables 
belonging to this dataset are used as inputs, they are not given in the results since they are not metrics that can 
be used as measures of achievement. 
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TIMS1999 [Online] PISA2003 [Online] PISA2006 [Online] Start Page 



Figure 3. TIMSS 1999 clustering technique outcomes 


PISA 2003 Examination 

Predictable Variable: Mathematics (PISA 2003) 

Table 8 was completed using a dependency network together with a decision tree and shows the most dominant 
variables as well as the most recessive ones. The math achievement score (Pvlmath) is taken as the predictable 
variable in the model. The order of significance for the other variables affecting it is given in Table 8. The PISA 
2003 examination focuses largely on the capability of students in regard to the mathematics course. Therefore, 
the exam includes only those cognitive and affective variables that are considered to be related to mathematics. 
In regard to the science course, only the achievement score is included but the other related variables are not 
covered. Table 8 indicates that the most dominant variable affecting the math achievement score is the math 
self-concept score, while the other variables included by the exam coverage as well as in the current study 
appear to be significant in accounting for the math achievement. 


Table 8. Order of significance for the variables affecting math achievement score in PISA 2003 


Predictable Variable 

Order of Predictors 








Pvlprob Pvlmath 

Pvlread 

Sc mat 

Matheff 

Anxmat 

Pvlscie 

Intmat 

Pvlmath 

2 

3 

1 

6 

4 

5 

7 


Predictable Variables: Science and Mathematics (PISA 2003) 

Table 9 was completed using a dependency network together with a decision tree and shows the most dominant 
variables as well as the most recessive ones. When both math and science achievement scores are taken as the 
predictable variables in the decision tree model, the order of significance for the other variables affecting them 
appears as given in Table 9. It is clearly shown that the most dominant variable on science achievement is the 
variable of problem-solving skill. It is also seen that there is no empty column except for where both 
achievement scores overlap in Table 9. When both math and science achievement scores are taken as the 
predictable variables, all variables included in the study appear to be significant in accounting for the 
achievement levels. 


Table 9. Order of significance for the variables affecting math and science achievement in PISA 2003 


Predictable Variable 

Order of Predictors 








Pvlprob Pvlmath 

Pvlread 

Sc mat 

Matheff 

Anxmat 

Pvlscie 

Intmat 

Pvlscie 

1 2 

3 

13 

6 

11 


14 

Pvlmath 

5 

7 

4 

10 

8 

9 

12 
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In addition to the order of significance for variables developed through dependency networks which are derived 
from the decision trees, using clustering technique we analyzed which variables have correlations. When natural 
sets of the students are analyzed, there appears no direct, linear correlation between math 
achievement/underachievement and science achievement/underachievement. 


P1SA2003 [Online] P1SA2006 [Online] Start Page 



Figure 4. PISA 2003 clustering technique outcomes 

The clustering study for the PISA 2003 examination data indicates that the level of achievement has the same 
trend in the highest achievement and lowest achievement sets both in math and science (see Fig. 4). The highest 
achievers in math appear to be the highest achievers in science also (Cluster 5). Similarly, other sets also show 
the achievement correlation between math and science. Additionally, the input variables of Pvlprob and 
Pvlread are also found to be parallel with the math and science achievement. Although other input variables are 
used in the dataset, these variables appear not to lead to significant differences from one set to another so that 
these inputs are excluded from the findings. 

PISA 2006 Examination 

Predictable Variable: Science (PISA 2006) 

When science achievement (Pvlscie) is used as the predictable variable, the order of significance for the other 
variables affecting it appears as given in Table 10. The PISA 2006 examination focuses largely on the 
capability of the students in regard to the science course. Therefore, the examination includes only those 
cognitive and affective variables that are considered to be related to science. In regard to the math course, only 
the achievement score is included but the other related variables are not covered. It is clearly shown in Table 10 
that the most dominant variable on the science achievement score is that of reading score. All of the other 
variables included by the exam coverage as well as in the current study also appear to be significant in 
accounting for the science achievement. 

Table 1 0. Order of significance for the variables affecting science achievement in PIS A 2006 


Predictable Variable 

Order of Predictors 





Pvlread 

Pvlmath 

Scscie 

Scieeff 

Intmat 

Pvlscie 

1 

2 

3 

4 

5 
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Predictable Variables: Science and Mathematics (PISA 2006) 

Table 11 was completed using a dependency network together with a decision tree and shows the most 
dominant variables as well as the most recessive ones. In this study, both math and science scores are considered 
as predictable variables. The order of significance for the other variables affecting them is given in Table 11. 
Table 11 shows that the most dominant variable on the science achievement score is that of reading skill, 
whereas the variable of science interest is the least significant variable on the math achievement score. 
However, it is also seen that there is no empty column in Table 11 except for where both achievement scores 
overlap. When both math and science achievement scores are taken as the predictable variables, all variables 
included in the study appear to be significant in accounting for the achievement levels. 

Table 11. Order of significance for the variables affecting math and science achievement in PISA 2006 


Predictable Variable 

Order of Predictors 





Pvlscie 

Pvlread Pvlmath 
1 2 

Scscie 

3 

Scieeff 

4 

Pvlscie 

Intscie 

9 

Pvlmath 

5 

7 

6 

8 

10 


As in the studies already discussed, at this stage students are grouped and the correlation between achievement 
and underachievement levels of those in the same set is analyzed. The findings obtained from the PISA 2003 
dataset are also found in the PISA 2006 dataset when analyzed in a clustering study (see Fig. 5). When the 
variables of reading skill (Pvlread), science achievement (Pvlscie) and math achievement (Pvlmath) are taken 
into consideration, it appears that there is a significant correlation between them. Furthermore, achievement and 
underachievement in regard to mathematics, science and reading are parallel (see Cluster 7 at Fig. 5). 
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Figure 5. PISA 2006 clustering technique outcomes 


Discussion 

Correlation among Variables Related to Cognitive Domain and Skills Covered in the International 
Examinations 

Correlation between Science Achievement and Math Achievement 

When the findings obtained from the three examinations mentioned above are analyzed, it is seen that there is a 
close correlation between science achievement and math achievement. Clustering outcomes indicates strongly 
that this correlation is interactive, suggesting that if any student is an underachiever in either of the courses, he 
or she is also an underachiever in the other, or that if any student is successful in either of the courses, he or she 
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is also successful in the other. These findings are consistent with those of the other studies, such as Wright and 
Corin (1999), Giile? and Alki§ (2003), Wang (2005), Ta^demir and Ta^demir (2008) and Uzun, Biitiiner and 
Yigit (2010), suggesting that there is a strong, positive correlation between science achievement and math 
achievement. However, when the findings of the dependency network developed through the decision tree 
study are analyzed, it is found that the effect of the math achievement on the science achievement is higher than 
the effect of the science achievement on the math achievement. Nevertheless, one of the most dominant 
variables on the math achievement is the variable of science achievement, whereas one of the most dominant 
variables on the science achievement is the variable of math achievement. One of the potential reason for this 
finding seems to be the fact that a successful math student may also be successful in the science course since the 
latter is closely related to and depends on the math course. On the other hand, in regard to science achievement, 
some subfields in science (biology, earthscience etc.) may require more use of reading skills, interpretation and 
inference skills than the use of mathematical skills. Therefore, since these subfields in science have different 
structures, science achievement may have less significance in accounting for math achievement. In the same 
vein, Sloutsky, Kaminski, and Heckler (2004, 2005) and Kiray and Kaptan (2012) conclude that integrating and 
using abstract math concepts within concrete science topics increases student achievement. They also conclude 
that the transfer of abstract concepts into concrete concepts is much more effective than the transfer of concrete 
concepts into abstract concepts and that the transfer of abstract concepts into concrete concepts does not have 
any negative outcome. They also report that math achievement is much more effective in accounting for science 
achievement. In other words, science achievement is found to be less effective in explaining math achievement. 
One of the potential reasons for this finding is that, since mathematics has an abstract structural nature whereas 
the nature of science is largely concrete (Bassok & Holyoak, 1989), the transfer of abstract into concrete is 
much more influential than the transfer of concrete into abstract. Another possible reason is that mathematics is 
necessarily employed in the science course and therefore it affects the learning of mathematics. Recent science 
and mathematics programs used in Turkey and in other countries indicate the fact that many subfields of 
mathematics are extensively employed in the science course, particularly in physical sciences (Mehmetlioglu & 
Ozdem, 2014). The other relevant point is related to the development of math and science programs. Since math 
programs are usually developed based on the assumption that the content of the math course is learnt first, and 
then it is transferred into the science course, the math achievement is able to be much more influential in 
accounting for the science achievement. 

Correlation between Science/Math Achievement and Reading Skills 

The analyses of the PISA 2003 and PISA 2006 datasets clearly indicate that science/math achievement and 
reading skill are closely related. Clustering outcomes strongly suggest that this correlation is interactive, 
suggesting that if the reading score of a student is higher, then he or she will be successful in either of the 
courses, but if the reading score of a student is lower, then he or she will not be successful in either of the 
courses. On the other hand, when the findings of the dependency networks developed through decision tree 
studies are analyzed, it is found that the effects of the reading skills on science achievement are much more 
influential, in contrast to their effects on the math achievement. Thus, it is safe to argue that reading skill is the 
most significant predictor of science achievement. This finding is consistent with that of Ireland’s study (1987), 
which proposes that there is a high positive correlation between reading performance and science achievement. 

These findings of the current study clearly suggest that reading skill is much more significant for science 
achievement in comparison with both math achievement and problem-solving skill. These findings seem to be 
consistent with the finding of Friend (1985), who argues that the reading score is much more influential in 
predicting science achievement than is the math achievement score. 

When the science and math items of the PISA examinations are taken into consideration, it is seen that students 
are largely asked to answer the science questions using a text provided in the exam paper and also to justify their 
answers using their own reasoning (EARGED, 2005). Therefore, the skills of understanding what they have read 
and of developing interpretations become much more significant in answering the questions in science 
examinations. Moreover, some science items, especially given in the form of reading text could be offered as 
language items instead of being science items. Therefore, because of the nature of the science items, reading 
skill may be one of the critical predictors of science achievement. The overall goal of the Turkish science and 
technology program is to provide students with new information acquired through reading and discussions. This 
program contains four distinct learning areas that are all concerned with the cognitive domain (MEB, 2005). 
Reading skills are significant in all of these areas of the science and technology program, but the skills of 
understanding what they read and of developing interpretations seem to be much more critical in the learning 
areas of “living beings and life” and "the earth and the universe”. The possible reason for reading skills being 
the most critical predictor of science achievement may be the fact that reading skills are the basic skills for 
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learning all of the other subject matters and that these skills are dominant capabilities in two learning areas of 
the science program. The first step towards solving problems is to understand correctly the problem to be solved 
(Polya, 1945). Math items included in the PISA examinations, on the other hand, require the students to 
understand the problems correctly. Thus, reading skills may be strong predictors for math achievement. 
However, the problems in math items are not written as text so they depend more on problem-solving skills than 
reading ability. Therefore, although reading skills are also strong predictors of math achievement, reading skills 
are much stronger predictors of science achievement. 

Correlation between Science/Math Achievement and Problem-Solving Skills 

The findings obtained from the PISA 2003 examination dataset clearly indicate that both science and math 
achievement are closely related to problem-solving skills. Clustering outcomes further suggest that both math 
scores and science scores change depending on changes in the scores for problem-solving skills. In other words, 
a student with a higher score for problem-solving skills appears likely to be successful in both courses, whereas 
a student with a lower score for problem-solving skills appears likely to be an underachiever in both courses. 
This finding of the current study seems to be consistent with the findings of previous studies suggesting that 
such skills as problem-solving and reasoning are the common skills necessary for both science and mathematics 
(Berlin & White, 1994; Davison et ah, 1995; Lederman & Niess, 1998; Ktray, 2010). On the other hand, the 
findings obtained from the dependency networks that are derived from decision tree study clearly indicate that 
the effect of problem-solving skill on science achievement is much more influential in comparison with its 
effects on math achievement. Therefore, although problem-solving skill is one of the most dominant predictors 
for mathematics achievement since it is among the basic skills for the mathematics course, it is also the 
strongest predictor for science achievement. This specific finding of the current study is consistent with that of 
Ktray’s study (2003), which found that those students who known the problem-solving steps developed by 
Polya in science course were much more successful in solving problems than those students who did not know 
these problem-solving steps. Math problems can be categorized as follows; ordinary problems that are 
commonly included in the math textbooks and that require the use of four basic math operations, and real-life 
problems that require the skills of organizing and classifying the data and the skill of recognizing the 
relationships and that express a real-life situation or a potential real-life event (Altun, 2008; Mataka, Cobern, 
Grunert, Mutambuki, & Akom, 2014). The PISA 2003 examination includes real-life based problems not 
ordinary math problems. Therefore, it asks the students to use related problem-solving skills for real-life 
problems. Such skills put emphasis on the skills of decision making when facing a complex real-life problem, as 
well as reasoning skills (EARGED, 2005). Given the nature of the Turkish science and technology programs, 
such item types seem to be more appropriate for eighth- and ninth-grade science contents. Thus, level of 
problem-solving skills appears to be a much more significant predictor for science achievement rather than for 
math achievement. 

Correlation between Affective Variables Covered by the International Examinations and Science/Math 
Achievement 

Self Concept 

The findings of the dependency networks developed through decision tree studies in which math achievement is 
taken as the predictable variable suggest that the most significant affective predictor for math achievement is 
math self-concept (Scmat), whereas the effect of science self-concept (Scscie) on math achievement is less 
significant. This finding of the current study is consistent with that of Wang (2007), who analyzed the findings 
of the TIMSS 1995, 1999 and 2003 examinations and found that “there was a non-monotonic change in the 
reciprocal relationship between mathematic self-concept and mathematics achievement” and correspond with 
that of Manger and Eikeland (1998), and Barkatsas, Kasimatis and Gialamas (2009), who found that 
mathematics self-concept/confidence is an important variable accounting for mathematical achievement. The 
national report issued by EARGED (2003) states that students who believe that they are underachievers in the 
math course develop feelings of helplessness and increase in the level of such feelings causes decrease in the 
level of achievement. One of the reasons math self-concept is influential on achievement levels may be the 
students’ past experience which leads to their feelings of helplessness. 

The findings of the dependency network in which science achievement is taken as the predictable variable 
suggest that science self-concept is the most significant affective predictor for science achievement while math 
self-concept has an average effect on it. Various studies such as Oliver and Simpson (1988), Byrne (1996), 
Guay, Marsh, and Boivin (2003), Wilkins (2004), and Aypay, Erdogan, and Sozer (2007), also reach a similar 
conclusion that there is a positive correlation between students’ science achievement and their science self- 



40 Kiray, Gok & Bozkir 


concept. The national report on the TIMSS 1999 examination also argues that both math and science self- 
concept\confidence variables seem to be the most influential factor in accounting for the achievement levels 
(EARGED, 2003). The findings of the current study also support this argument. 

The findings of our study in regard to the TIMSS and PISA examinations suggest that the achievement level in 
any subject is most strongly influenced by the related self-concept, which is an affective variable. Additionally, 
self-concept in science and in mathematics, respectively, appear to be strong predictors of achievement both its 
own field and in the other one. However, the effect on the other is less in the three examinations in regard to the 
effect of the field’s own self-concept. The finding of the current study in regard to the effects of the math self- 
concept on science achievement and also the effects of the science self-concept on the math achievement is 
consistent with the argument of Marsh (1992) that self-concepts in different areas have impacts on the 
performance in different areas. Based on this finding, it is possible to argue that self-concept/confidence in one 
course affects not only the achievement level in that course but also affects the achievement level in other 
related courses. 

Brookover, Thomas, and Peterson (1964) identified a positive correlation between self-concept and achievement 
in specific subject matter (cited in Labenne & Greene, 1969). “Although researchers find a moderate 
relationship between academic self-concept and achievement, the strongest correlations exist between specific 
academic self concepts and their corresponding subject matter areas” (Eggen & Kauchak, 2001, p.100). 
Although the findings of the dependency networks suggest that a specific self-concept is the most significant 
predictor for achievement in the related subject matter, the analysis of the clustering findings based on the 
association rule shows that the relationship between self-concept and science or math achievement is less 
significant than the relationship between reading and problem-solving skills and science or math achievement. 
This may be a result of the fact that self-confident students either in science or in mathematics encounter a 
different examination pattern in the international examination that is largely distinct from the nature of 
examinations administered in their schools. It may be argued further that although self-concept is a very 
significant predictor for achievement; it may be affected by changes in the positional and temporal conditions. 
Thus, students with higher self-concept scores may not be successful when the conditions are significantly 
changed or students with lower self-concept scores may be successful when the conditions are significantly 
changed. 

Interest 

Analysis of affective variables clearly indicates that among the affective variables, the one that has least effect 
on the achievement levels is the variable of interest. However, since one of the prerequisites for learning is 
interest in the subject matter, it may account for achievement in the related course. The finding of this study is 
consistent with the argument of Giingor, Eryilmaz, and Fakioglu (2007) that there is a positive relationship 
between interest and achievement. On the other hand, in the current study the variables of interest in 
mathematics and interest in science that refer to interest towards mathematics (Intmat) and interest towards 
science (Intscie), respectively, are excluded in the single cause-multiple effects relationship since they appear to 
have minimal effects on the achievement levels due to the specific nature of the program employed in the study. 

The findings of the dependency networks related to the TIMSS 1999 and PISA 2006 examinations in which 
both science achievement and mathematics achievement are taken to be the predictable variable show that 
science interest is the least effective predictor for mathematics achievement. The findings of the dependency 
network related to the TIMSS 1999 and PISA 2003 examinations in which both science achievement and 
mathematics achievement are taken to be the predictable variable, on the other hand, display that mathematics 
interest is one of the less effective predictors for science achievement. Again this chaotic situation may be a 
result of the fact that when the findings are analyzed from the perspective of multiple cause s-multiple effects 
depending on the fuzzy reasoning, those variables remain implicit because the interactions of variables seem to 
have influences on the achievement levels. 

In regard to sources of interest, Wilson (1971) proposes the element of “feel need” while Dewey (1969) offers 
the element of “needs of organism”. The reasons for mathematics interest to be one of the variables accounting 
for science achievement seem to be as follows: mathematics is the basis of all the other subject matters; it is 
related to all of the other subject matters; mathematics is an integrated part of everyday experiences and students 
in the science course need to use their mathematics knowledge. Furthermore, since science is also integrated 
with everyday experiences, leading to the use of its contents in the math courses to attract the students’ 
attention, then interest towards science may be an influential predictor for the math achievement. Additionally, 
the analysis of the subcategories of the interest variable (namely: I enjoy learning math/science; math/science is 
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boring; math/science is important to everyone’s life; math/science is an easy subject; I would like a job that 
involved using math/science; etc.) indicates that if for some students math is an easy subject and they enjoy it, 
then the same positive attitudes are also reflected towards the math content covered in the science course and 
therefore their interest in math may have an impact on their science achievement, even though their level of 
math interest is low. Given that science activities are also used in the math course, the science interest may have 
effects on the math achievement too. Another reason could be that since in the math courses the instructional 
methods of the science courses are extensively used (inquiry, discovery, learning cycle etc.) and similarly, in the 
science courses, skills of the math courses are commonly employed (problem-solving, reasoning, modeling 
etc.), the interest in either of the courses may become a common interest in both. Interest is generally identified 
with intrinsic motivation. Given that interest is the key element of motivation (Dotterer et al., 2009), the effects 
of interest on achievement also point to the effects of motivation on achievement. 

Motivation 

The findings of the dependency network related to the TIMSS 1999 examination, in which the mathematics 
achievement is taken to be the predictable variable, suggest that the second most significant affective variable 
after the self-concept score in regard to math achievement is the score of the motivation towards math 
(Bsbmgood). This is followed by the score of the motivation towards science (Bsbsgood). The findings of the 
dependency network related to the TIMSS 1999 examination in which the science achievement is taken to be the 
predictable variable similarly indicates that the score of the motivation towards science, after the science self- 
concept, is the second most significant affective predictor for science achievement, followed by the scores for 
math self-concept and motivation towards math. The finding that motivation is one of the significant predictor 
for achievement is consistent with Hendrickson (1997) and Gardner and Tamir (1989), suggesting that student 
motivation increases the levels of achievement. As stated by Eggen and Kauchak (2001), individual needs are 
the basic elements in the cognitive theories of motivation. Most children younger than 15 years receive a general 
education without election of subjects in Turkey. Education at this level is not based on training for specific 
occupations. The analysis of subdimensions of the motivation category shows that the variable of motivation is 
consisted of mostly those items on the future expectations (to get the job I want; to get into the school I prefer, 
to please my parents, to please myself). For those students whose future expectations are closely related to the 
vocational use of science and math, intrinsic motivation towards these courses is probably higher. The need and 
desire to learn science and math may make these students more successful in these courses. On the other hand, 
for those students who do not perceive any need to learn science and math the motivation levels may be lower. 
Accordingly, their achievement levels in these courses may also be lower. Considering the perspective of the 
single effect-multiple causes, the reason for motivation being one of the significant predictors of achievement 
may be that it seems to reflect the future expectations of the students. 

The findings of the dependency network in which both mathematics achievement and science achievement are 
taken to be the predictable variables suggest that motivation towards science as well as motivation towards math 
seems to have less effect on science achievement in contrast to other variables, whereas the motivation scores in 
regard to math achievement appear to have nearly the same order of significance. When this finding is analyzed 
following the perspective of multiple causes-multiple effects, it appears that the effects of both motivation 
scores on math achievement are higher than their effects on science achievement. This finding is consistent with 
the findings of Oliver and Simpson (1988), and Akba§ and Kan (2007), who argue that there is low correlation 
between motivation and science achievement. These differential effects of motivation in regard to science 
achievement and math achievement may result from the distinctive nature of science and math. School science 
courses in general and primary school science courses in particular include everyday experiences in Turkey. 
Since the science course offers students scientific explanations for everyday events, students may naturally 
become more motivated towards the science course. Having a natural prior motivation towards the science 
course may decrease the discrimination power of the score of the motivation toward science. It may be results 
from the multiple causes-multiple effects perspective that cannot be seen following one cause and one effect. 
However, for the math course the situation may be different. In other words, students may not have a natural 
prior motivation towards the math course, which is much more abstract in comparison with the science course. 
Given that, the measurement approaches, this lack of natural prior motivation due to the nature of the math 
course could be more significant on the effects of the motivation scores on the math achievement rather than 
their effects on science achievement. Because of this fact, the search for the relationship between single effect - 
multiple causes and multiple causes-multiple effects may not affect the order of the math motivation score. 
These findings suggest that attention should be paid to the motivation towards the math course to increase 
motivation among the students. On the other hand, these findings also indicate that the motivation towards 
science has much higher effects on the math achievement in contrast to its effects on the science achievement. 
This finding resulted from the multiple causes-multiple effects relationship is interesting from the perspective of 
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chaos theory. This may stem from the fact that the content of the science course is employed for reinforcement 
in making connections between the math course and everyday experiences. On the other hand, as stated by 
McBride and Silverman (1991), science activities that display mathematical concepts using examples appear to 
increase the motivation to learn math. Examples of everyday experiences are transferred into the math course to 
attract the students’ attention, to motivate them towards the course contents and to make the abstract 
mathematical contents more concrete for the students. However, in science instruction there are no such 
attempts since the science subject itself is a real-life topic. Given that the source of the motivation towards 
science is the everyday experiences of the students, the fact that the effects of the motivation towards science on 
the math achievement are higher than its effects on the science achievement seems to be reasonable. However, 
the clustering outcomes indicate that the motivation scores do not change depending on the change in the 
achievement scores. The outcomes of clustering are compatible with the findings of Zakaria and Nordin’s study 
(2008), indicating that there is low correlation between math achievement and motivation, and also with the 
conclusions of Oliver and Simpson (1988), and Akba§ and Kan (2007) who found that there is low correlation 
between motivation and science achievement. Therefore, it can be argued that motivation is the prior preparation 
stage for learning. Accordingly, higher or lower motivation alone cannot predict higher or lower levels of 
achievement for the course but higher motivation can be one of the most significant conditions that lead to 
higher levels of the achievement. 

Efficacy 

The findings of the dependency networks related to the PISA 2003 and 2006 point out that the variable of math 
efficacy (Mateff) score is significant in accounting for math achievement while the variable of science efficacy 
score (Scieff) is significant in accounting for science achievement. These findings are consistent with those of 
Demir and Kilim’s study (2009) which deals with the PISA 2003 examination. Specifically, the authors argue 
that those students with higher math self-efficacy have higher levels of math achievement. On the other hand, 
Basista and Mathews (2002) state that inefficient learning of the contents of both math and science leads to 
lower levels of self-efficacy in these courses. This situation may be a result of the fact that those students who 
do not have sufficient knowledge and skills for problem-solving have lower levels of self-efficacy scores. When 
both science and math are regarded as the predictable variable for the PISA 2003 examination, it appears that 
the effects of math efficacy on science achievement are higher than its effects on math achievement. However, 
the findings obtained from the dependency network based on the PISA 2006 data for science achievement 
suggest that science self-efficacy is much more significant in accounting for the science achievement in contrast 
to in accounting for the math achievement. Math self-efficacy is much more significant than science self- 
efficacy in accounting for science achievement, while science efficacy is much less significant than math 
efficacy in accounting for math achievement. This may suggest that those students with higher levels of science 
achievement have higher levels of self-efficacy in regard to both science and mathematics. Although a similar 
pattern occurs for math achievement, it is not as strong as that observed for science achievement. One of the 
variables with lower effects on math achievement is science self-efficacy. The fact that, although math self- 
efficacy is one of the significant variables in accounting for science achievement, science self-efficacy is not 
very significant for explaining math achievement may reflect that the dependency of the science course on the 
math course is greater than the dependency of the math course on the science course. The math content used in 
the science course is an inevitable, integrated part of the science course according to Turkish science 
curriculum. As stated by Blanchette and Dunbar (2002) and Sousa (2006), the content of the math course may 
difficult to be transferred into the science course to solve problems for unsuccessful student, so they may feel 
low self-efficacy toward math. The transfer skill may be related to the sense of self-efficacy. Hence the students 
felt low self-efficacy to math may fail to math, they may not transfer to math content into the science course. 

Anxiety 

The findings of the dependency network related to the PISA 2003 data on math achievement indicate that the 
significance of math anxiety (Anxmat) occurs in the middle position. The sources of the math anxiety are math 
achievement and mathematical background (Bekdemir, 2007; Belbase, 2013). Therefore, the math anxiety may 
be one of the most significant variables in explaining math achievement. When both the science achievement 
and the math achievement scores are taken to be the predictable variables, it appears that the anxiety score has 
effects on both math achievement and science achievement. As a result, math anxiety is among the significant 
predictors for math achievement even though it is not the most significant variable in this regard. Math anxiety 
seems to be less significant in accounting for science achievement in contrast to its effects in explaining math 
achievement, but it has a much more significant effect on science achievement than variables such as math 
interest and math self-concept. Various research studies have identified a negative correlation between math 
achievement and math anxiety (Sherman & Wither, 2003; Yiiksel-§ahin, 2008; Zakaria & Nordin, 2008). These 
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findings are consistent with the current finding that the anxiety score is a significant variable in accounting for 
the achievement. Furthermore, math anxiety has equally significant effects on science achievement as on math 
achievement. As stated Sousa (2006) and Kiray (2010) that since those students with math anxiety have 
negative feelings towards math, they may avoid meeting the requirements to learn math. Those students with 
math anxiety may experience difficulty in their science courses, since the science courses extensively include 
mathematical contents, leading to underachievement in the science examinations. On the other hand, Baloglu 
(2001), states that math anxiety may occur not only due to cognitive factors but also due to the lack of self- 
concept and the lack of self-efficacy related to math. In the current study, these two affective variables are found 
to be influential on the achievement levels. Thus, it is safe to argue that those students with math anxiety as a 
result of their lack of math self-efficacy may avoid certain science contents that include intensive use of 
mathematical concepts. 

Attitude 

The TIMSS 1999 examination dataset suggests that attitude towards science (Bsdspats) appears to be the second 
last variable in accounting for science achievement. On the other hand, attitude towards math (Bsdmpatm) does 
not have any impact in accounting for science achievement, and attitude towards math and attitude towards 
science are not significant predictors for math achievement. However, when both science achievement and math 
achievement are taken as the predictable variables, the findings of the dependency network developed through 
the decision tree models appear to suggest that attitude towards math and attitude towards science have average 
effects in accounting for science achievement. On the other hand, attitude towards science in regard to 
accounting for math achievement again has an average effect while attitude towards math in this regard appears 
to be last in order of significance. 

The findings of the study indicate that among the variables included in the analysis the variable of attitude is the 
one with the least significant effects. Serin (2004) and Papanastasiou and Zembylas (2004) concluded that there 
is low positive correlation between the attitude towards science and science achievement, while Caston (1986) 
concluded that it is not possible to argue that the attitude towards math is significantly correlated with math 
achievement. The findings of the current study support the argument that there is low correlation between 
attitudes towards a subject and achievement in the subject. However, it should be noted that those studies 
suggesting that there is no correlation between attitude and achievement often employ the perspective of single 
cause-single effect derived from positivist science philosophy. In fact, following such a perspective may inhibit 
the correlation between attitude and achievement. Thus, fuzzy logic and its derivative techniques are needed to 
uncover the potential correlation between math/science attitudes and math/science achievement. 

The beliefs and attitudes may be related to each other through a cause-effect relationship (Tav^ancil, 2006). 
Each attitude includes beliefs but each belief does not lead to an attitude (inceoglu, 2004). Attitudes develop 
over long periods of time and are stable. When the findings are analyzed from the perspective of single cause 
(science or math achievement) -multiple effects, it appears that all the other variables affecting the achievement 
are influenced by the beliefs, whereas these beliefs may not lead to the formation of the attitudes. The students 
who participated in these international examinations belong to the 15 -year age group. In accordance with the 
theory of Piaget on educational development, these students have learnt abstract math and concrete science 
content during the concrete operations period and they have not yet experienced their period of abstract 
operations. In the same vein, since these students make better sense of the concrete science content, their beliefs 
in regard to science have become more stable leading to attitude formation. One of the reasons for the science 
attitude to have effects on science achievement could be this developmental feature proposed by Piaget. 
Additionally, since students have not fully experienced the period of the abstract operations, hence their beliefs 
in regard to the math contents that may be largely abstract have failed to cause them to form strong attitudes 
towards math at this stage. Instead of following the perspective of single cause -multiple effects to analyze the 
variables that have influences on the science and math achievement, the perspective of multiple causes-multiple 
effects to analyze these variables suggests that these variables are all influential in accounting for science and 
math achievement. More interestingly, the math attitude has more effect on science achievement in contrast to 
the science attitude, while the science attitude has more effect on math achievement in contrast to the math 
attitude. At this point, a chaotic effect like Lorenz’s butterfly effect is observed. In other words, the 
mathematical content used in the science courses may contribute to the formation of the math attitude. As a 
result, it is only when both science achievement and math achievement are considered together that the math 
attitude may become more influential. Similarly, the use of the mathematical content that is made concrete in the 
science content may lead to the stronger role of the science attitude in accounting for math achievement. On the 
other hand, all of the variables interact with one another, leading to chaotic non-linear relationship and as a 
result, those variables that seem to have no effect may become very influential in this interaction. It is also 
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suggested that the age of the participants is significant because they are at the beginning of attitude formation 
and the interaction of all the variables produces the effects of this pre-abstract operations period. It may be 
considered as evidence, at the same time, that the effects of attitude can be more clearly seen and the entity that 
is measured in such studies is the strong beliefs towards either science or math, or the maturing phase of 
attitudes. It may be interpreted as follows: when science and math courses are considered together, or when 
there is full integration between these two courses, the attitude variable becomes more important. 


Conclusion and Recommendations 

The results of the study indicate that science achievement and math achievement are affected not only by the 
variables belonging to the cognitive domain and related to the cognitive skills but also by the affective variables. 
Specifically, the study concludes that: 1- Achievement or underachievement in science and math courses affect 
each other; 2- The effect of the math achievement in accounting for the science achievement is much greater 
than that of the science achievement in accounting for the math achievement; 3- Science achievement and math 
achievement are both influenced by the skills of reading and of problem-solving; 4- The affective variables such 
as self-concept, interest, motivation, self-efficacy, anxiety, and attitude are all influential on science and math 
achievement; 5- Science achievement is affected by both affective variables related to the science course and the 
other affective variables related to the math course; 6- Math achievement is affected by both affective variables 
related to the math course and the other affective variables related to the science course; 7- The variables of the 
math/science achievement and of the skills of problem-solving and of reading interact one another. 

We also found that there were very close relationships between math/science achievement and the skills of 
problem-solving and of reading. Therefore, these four variables should be taken into consideration immediately, 
rather than the other variables. The skills of reading and of problem-solving should be given importance in 
school programs since they are basic skills for each learning area. Given that such skills develop lifelong, they 
should not be regarded as the elements of a specific subject. Instead, they should be distributed to all areas of 
learning throughout the program and the development of these skills should be considered to be a major goal of 
any program. 

The results of the study were obtained through the use of data mining techniques, providing the opportunity to 
employ chaos theory and fuzzy logic in regard to an educational research context. The study also indicates that, 
in the field of educational research, the determinist approach that is dominant in this line of research and that is 
based on the linear relationships is inefficient. It is all chaotic in that, when an individual come across a problem 
to be solved, he/she chooses those data that are available, analyzes and synthesizes them, interprets them, and 
develops a totally new body of information. New information recorded by the human brain may totally change 
the process due to the changes in the starting conditions. In this process of developing new information, all data 
interact with one another. Therefore, instead of using binary logic for science and mathematics, both courses 
should be approached by fuzzy logic. From this point of view, the study concludes as follows: 1- The skill of 
problem-solving, which traditionally has been considered to be a math skill, is much more influential in 
accounting for science achievement than it is in accounting for math achievement; 2- An affective variable, such 
as the math efficacy, that has been defined as belonging to the math area appears to be more significant in 
accounting for science achievement than it is in accounting for math achievement; 3- The motivation to learn 
science may have higher effects in accounting for math achievement in contrast to its effects in accounting for 
science achievement; 4- The variable of the math attitude appears to be ineffective when only the science or 
math achievement is taken into consideration, but it became a significant predictor for the achievement levels of 
both courses when both science achievement and math achievement are considered; 5- The significance of math 
anxiety is as evident in science achievement as it is in math achievement; 6- It is found that reading skills, which 
are not regarded as an integrated part of either science or math programs in the Turkish education system, is one 
of the most significant predictors for the achievement levels of these subject courses. This result suggests that 
Lorenz’s chaos theory and fuzzy logic are proper to deal with educational topics. Although each course is 
independent in subject matter, the lack of math efficacy and the negative attitude towards math that occurs in the 
math courses may also have significant effects on students’ underachievement in science courses, and such an 
interaction may not be predicted by the teachers. Similarly, the possibility of being underachiever for a student 
with poor problem-solving skills may be greater for the science course than for the math course. 

In sum, the order of significance for the variables that are traditionally defined as pertaining to a specific subject 
matter changes when science and math variables are regarded as integrated. Such chaotic interactions suggest 
that these two courses should be considered and designed together. While designing the learning process, math 
teachers and science teachers should give importance to these cross relationships. In conclusion, program 
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developers and practitioners should consider these two subjects together, or integrate them, or develop strong 
connections between the courses focusing on the cognitive and affective characteristics and skills. If science 
teachers and math teachers are to improve students’ achievement levels and to reduce, if they cannot eliminate, 
reasons for underachievement, they should not focus only on their own courses. They should cooperate to 
realize these goals. Science instruction strategies (inquiry, discovery, learning cycle etc.) as well as math skills 
(problem-solving, reasoning, mathematical modeling, developing relationships etc.) should be regarded as an 
integrated part of teachers’ pre-service and in-service courses and should be taught to student-teachers as well as 
teachers in a full manner. 


References 

Akba§, A., & Kan, A. (2007). Affective factors that influence chemistry achievement (motivation and anxiety) 
and the power of these factors to predict chemistry achievement-II. Journal of Turkish Science 
Education , 4(1), 9-18. 

Alata§, B., & Akin, E. (2004). Veri madenciliginde yeni yaklayimlar. Paper presented at the YA-EM'2004 
Congress, Adana. 

Alta§, i. H. (1999). Bulamk mantik: Bulamklik kavrami (Fuzzy logic: concept of fuzzy logic). Enerji, Elektrik, 
Elektromekanik-3e, 62, 80-85. 

Altun, M. (2008). Matematik ogretimi (Teaching mathematics) . Bursa: Alfa Basim Yayim Dagitim. 

Aypay, A., Erdogan, E., & Sozer, M. A. (2007). Variation among schools on classroom practices in science 
based on TIMSS-1999 in Turkey. Journal of Research in Science Teaching, 44(10), 1417-1435. 

Baloglu, M. (2001). Matematik korkusunu yenmek (To cope with math anxity). Educational Sciences: Theory 
& Practice, 1(1), 59-76. 

Bandura, A. (1995). Self-efficacy in changing societies. Cambridge: Cambridge University Press. 

Barkatsas, A, Kasimatis, K., & Gialamas, V. (2009). Learning secondary mathematics with technology: 
Exploring the complex interrelationship between students’ attitudes, engagement, gender and 
achievement. Computers and Education , 52, 562-570. 

Basista, B., & Mathews, S. (2002). Integrated science and mathematics professional development programs. 
School Science and Mathematics, 102(7), 359-370. 

Bassok, M., & Holyoak, K. J. (1989). Interdomain transfer between isomorphic topics in algebra and physics. 
Learning, Memory, and Cognition, 15(1), 153-166. 

Basson, I. (2002). Physics and mathematics as interrelated fields of thought development using acceleration as 
an example. International Journal of Mathematical Education in Science and Technology, 33(5), 679- 
690. 

Bekdemir, M. (2007). The causes of mathematics anxiety in elementary preservice teachers and proposals for 
decreasing mathematics anxiety. The example of faculty of Erzincan education. Erzincan Egitim 
Fakiiltesi Dergisi, 9(2), 131-144. 

Belbase, S. (2013). Images, anxieties, and attitudes toward mathematics. International Journal of Education in 
Mathematics, Science and Technology, 7(4), 230-237. 

Berberoglu, G., & Kalender, i. (2005). Investigation of student achievement across years, school types and 
regions: The SSE and PISA analyses. Egitim Bilimleri ve Uygulama, 4(7), 21-35. 

Berlin, D.F. & White, A.L. (1994). The Berlin-White Integrated Science and Mathematics Model. School 
Science and Mathematics , 94(1), 2^1. 

Berlin, D. F. (1991). A bibliography of integrated science and mathematics teaching and learning literature. 
School Science and Mathematics Association Topics for Teacher Series (No. 6). Bowling Green, OH: 
School Science and Mathematics Association. 

Berry, M., & Linoff, G. (2000). Mastering data mining: The art and science of customer relationship 
management. New York: John Wiley & Sons. 

Bilgin, i. (2006). The effects of hands-on activities incorporating a cooperative learning approach on eighth- 
grade students’ science process skills and attitudes toward science. Journal of Baltic Science 
Education, 1(9), 27-37. 

Blanchette, I., & Dunbar, K. (2002). Representational change and analogy: How analogical inferences alter 
target representations. Journal of Experimental Psychology: Learning, Memory, and Cognition, 28, 
672-685. 

Brookover, W. B., Thomas, S. & Peterson, A. (1964). Self-concept of ability and school performance. Sociology 
of Education, 37, 271-278. 

Bursal, M. (2008). Changes in Turkish pre-service elementary teachers’ personal science teaching efficacy 
beliefs and science anxieties during a science method course. Journal of Turkish Science Education, 5 
( 1 ). 



46 Kiray, Gok & Bozkir 


Bursal, M., & Paznokas, L. (2006). Mathematics anxiety and preservice elementary teachers’ confidence to 
teach mathematics and science. School Science and Mathematics, 106(4), 173-180. 

Byrne, B. M. (1996). Measuring self-concept across the life span. Issues and instrumentation. Washington, DC: 
American Psychological Association. 

Cahan, D. (2003). From natural philosophy to the sciences: Writing the history of nineteenth- century science. 
London: University of Chicago Press. 

Caston, M. (1986). Parent and student attitudes toward mathematics as they relate to third grade mathematics 
achievement. Research report. (Eric Document Reproduction No. ED334078). 

Chien, C., & Chen, L. (2008). Data mining to improve personnel selection and enhance human capital: A case 
study in high-technology industry. Expert Systems with Applications, 34, 280-290. 

Chui, C., Chen, Y., Kou, I., & Ku, H. C. (2009). An intelligent market segmentation system using k-means and 
particle swarm optimization. Expert Systems with Applications, 36(1), 4558-4565. 

Davison, D. M., Miller, K. W., & Metheny, D. L. (1995). What does integration of science and mathematics 
really mean? School Science and Mathematics, 95(5), 226-230. 

Dede, Y., & Yaman, S. (2008). A questionnaire for motivation toward science learning: A validity and 
reliability study. Necatibey Faculty of Education Electronic Journal of Science and Mathematics 
Education, 2(1), 19-37. 

Delen, D., Walker, G., & Kadam, A. (2005). Predicting breast cancer survivability: A comparison of three data 
mining methods. Artificial Intelligence in Medicine, 34, 113-127. 

Demir, I., & K1I19, S. (2009). Matematikte bayan iizerine ogrencilerin kendileriyle ilgili goruyleri (Students ’ self 
efficacy about themselves on the math achievement). Paper peresented at the 6th Statistics Congress, 
Antalya. 

Dewey, J. (1969). Interest and effort in education. New York: Augustus M. Kelley Publishers. 

Dewey, J. (1933). How we think. Boston, MA: Heath and Company. 

Dotterer, A. M., McHale, S. M., & Crouter, A. C. (2009). The development and correlates of academic interests 
from childhood through adolescence. Journal of Educational Psychology, 101(2), 509-519. 

EARGED. (2005). Ogrenci ba$artsim belirleme progranu (PISA-2003), idusal on rapor (Student achievement 
determining program (PISA-2003), national preliminary report). Ankara: MEB-Egitimi Arafjtirma ve 
Gelifjtirme Dairesi Ba^kanhgi. 

EARGED. (2003). TIMSS-R: Third international mathematics and science study-repeat/ ufiincu uluslararasi 
matematik ve fen ara§trrmasmin tekrari-uluslararasi olcjme ve degerlendirme gali^malari (international 
measurement and assessment studies). Ankara: MEB Egitimi Arajtirma ve Geli§tirme Dairesi 
(EARGED) Yay. ( http://earged.meb.gov.tr ) 

Eggen, P., & Kauchak, D. (2001). Educational psychology: Windows on classrooms. New Jersey: Prentice Hall. 

Erten, S. (2008). Interests of 5th through 10th grade students toward human biology. Hacettepe University, 
Journal of Education, 35, 135-147. 

Friend, H. (1985). The effect of science and mathematics integration on selected seventh- grade students’ 
attitudes toward and achievement in science. School Science and Mathematics, 85(6), 453-461. 

Gardner, P. L., & Tamir, P. (1989). Interest in biology. Part I: A multidimensional construct. Journal of 
Research in Science Teaching, 26(5), 409-423. 

Girasoli, A. J., & Hannafin, R. D. (2008). Using asynchronous AV communication tools to increase academic 
self-efficacy. Computers and Education, 51, 1676-1682. 

Gleick, J. (1987). Chaos: Making a new science. New York: Viking Press. 

Gonzalez, E. J., & Miles, J. A. (Eds.) (2001). TIMSS 1999 user guide for the international database: IEA’s 
repeat of the third international mathematics and science study at the eighth grade. Lynch School of 
Education, Boston, MA: International Study Center, Boston College. 

Gomleksiz, M. N. (2003). Validity and reliability of an attitude scale on affective domain in English course. 
Firat University Journal of Social Science, 13(1), 215-226. 

Guay, F., Marsh, H. W., & Boivin, M. (2003). Academic self-concept and academic achievement: 
Developmental perspectives and their causal ordering. Journal of Educational Psychology, 95, 1 24- 
136. 

Giile?, S., & Alki§, S. (2003). Relations among primary school students’ course performances. Ilkogretim- 
Online, 2 (2), 19-27. 

Giingor, A., Eryilmaz, A., & Fakioglu, T. (2007). The relationship of freshmen’s physics achievement and their 
related affective characteristics. Journal of Research in Science Teaching, 44(8), 1036-1056. 

Harper, N. W., & Daane, C. J. (1998). Causes and reduction of math anxiety in preservice elementary teachers. 
Action in Teacher Education, 19(4), 29-38. 

Hembree, R. (1990). The nature, effects and relief of mathematics anxiety. Journal for Research in Mathematics 
Education, 21(1), 33-46. 


International Journal of Research in Education and Science (IJRES) 47 


Hendrickson, A. B. (1997). Predicting student success with the learning and study strategies 14. inventory 
(LASSI). Unpublished Master’s thesis. Iowa State University, Ames, IA. 

Hizarci, T., Atilboz, N. G., & Salman, S. (2005). A study on the attitudes of elementary school students from 
two different socio-economic regions towards living organisms. Journal of Gazi Educational Faculty, 
25(2), 55-69. 

House, J. D. (2004). Cognitive-motivational characteristics and science achievement of adolescent students: 
results from the timss 1995 and timss 1999 assesments. International Journal of Instructional Media, 
31(4), 411-424. 

House, P. (1990). Science and mathematics: partners then... partners now. School Science and Mathematics 
Association Topics for Teachers Series, No. 5. Bowling Green, OH: School Science and Mathematics 
Association. 

Inceoglu, M. (2004). Tutum algi iletifim (Attitude, perception, communication). Ankara: Elips Kitap Kesit 
Tamtim. 

Ireland, J. D. (1987). The effect of reading performance on high school science achievement. Unpublished 
Master’s thesis, Curtin University of Technology, Perth, Western Australia. 

Kiray, S.A. (2010). Ilkogretim ikinci kademede uygulanan fen ve matematik entegrasyonunun etkililigi, Doktora 
Tezi, Hacettepe Universitesi Sosyal Bilimler Enstitusii, Ankara. 

Kiray, S.A. (2003). Ilkogretim 7. smiflarda fen bilgisi dersinde uygulanan problem gozme stratejisinin 
ogrencilerin kavramlari anlama ve problem qozme performanslan iizerine etkisi. Yayimlanmami^ 
YiiksekLisans Tezi. Konya: Selfuk Universitesi, Fen Bilimleri Enstitusii. 

Kiray, S.A. & Kaptan, F. (2012). The effectiveness of an integrated science and mathematics programme: 
Science-centred mathematics-assisted integration. Energy Education Science and Technology Part B: 
Social and Educational Studies, 4(2), 943-956. 

Kiray, S.A. (2012). A new model for the integration of science and mathematics: The balance model. Energy 
Education Science and Technology Part B: Social and Educational Studies, 4(3), 1181-1 196. 

Kurt, K. & Pehlivan, M. (2013). Integrated programs for science and mathematics: review of related literature. 
International Journal of Education in Mathematics, Science and Technology, 1(2), 116-121. 

Labenne, W. D., & Greene, B. L. (1969). Educational implications of self concept theory. Pacific Palisades, CA\ 
Goodyear Publishing. 

Lederman, N. G., & Niess, M. L. (1998). 5 Apples + 4 oranges=? School Science and Mathematics, 98(6), 281 — 
284. 

Manger, T., & Eikeland, O. J. (1998). The effect of mathematics self-concept on girls’ and boys’ mathematical 
achievement. School Psychology International, 19(1), 5-18. 

Marsh, H. (1992). Content specificity of relations between academic achievement and academic self concept. 
Journal of Educational Phychology, 84(1), 34-52. 

Mataka, L.M., Cobern, W.W., Grunert, M., Mutambuki, J., & Akom, G. (2014). The effect of using an explicit 
general problem solving teaching approach on elementary pre-service teachers’ ability to solve heat 
transfer problems. International Journal of Education in Mathematics, Science and Technology, 2(3), 
164-174. 

MEB (2005). Ilkogretim fen ve teknoloji dersi ogretim programi ve kilavuzu (6—8.siniflar) ( Primary science and 
technology course teaching program and guide). Ankara: MEB yayinevi. 

McBride, J. W., & Silverman, F. L. (1991). Integrating elementary/middle school science and mathematics. 
School Science and Mathematics, 91(7), 285-292. 

Mehmetlioglu, D. & Ozdem, Y. (2014). Connectivity Theory at work: The referrals between science and 
mathematics in a science unit. International Journal of Education in Mathematics, Science and 
Technology, 2(1), 36-48. 

Miller, H. J., & Han, J. (2001). Geographic data mining and knowledge discovery. In H. J. Miller & J. Han 
(eds). Geographic data mining and knowledge discovery (pp. 3-32). London and New York: Taylor & 
Francis. 

Mitra, S., Pal, S. K., & Mitra, P. (2002). Data mining in soft computing framework: A survey. IEEE 
Transactions on Neural Networks, 13(1). 

Oliver, J. S., & Simpson, R. D. (1988). Influences of attitude toward science, achievement, motivation, and 
science self-concept on achievement in science: A longitudinal study. Science Education, 12, 143-155. 

Papanastasiou, E., & Zembylas, M. (2004). Differential effects of science attitudes and science achievement in 
Australia, Cyprus, and the USA. International Journal of Science Education, 26, 259-280. 

Perla, R. J. & Carifio, J. (2005). The nature of scientific revolutions from the vantage point of chaos theory. 
Science & Education, 14, 263-290. 

Polya, G. (1945). How to solve it: A new aspect of mathematical method. New Jersey: Princeton University 
Pres. 



48 Kiray, Gok & Bozkir 


Serin, O. (2004). Ogretmen adaylanmn problem qdzme becerisi ve fene yonelik tutum He bayanlari arasmdaki 
iliyki ( Relationship between pre-service teachers ’ problem solving skills, attitude towards science and 
achievement). Paper presented at the 13th Educational Sciences Congress, University of inonti, 
Malatya. Retrieved May 10, 2010, from http://www.pegema.net/dosya/dokuman/415.pdf 

Shelley, M. & Yildirim, A. (2013). Transfer of learning in mathematics, science, and reading among students in 
Turkey: A study using 2009 PISA data. International Journal of Education in Mathematics, Science 
and Technology, 7(2), 83-95. 

Sherman B. F., & Wither, D. P. (2003). Mathematics anxiety and mathematics achievement. Mathematics 
Education Research Journal, 15(2), 138-150. 

Sloan, T., Daane, C. J., & Giesen, J. (2002). Mathematics anxiety and learning styles: What is the relationship in 
elementary preservice teachers? School Science and Mathematics, 102(2), 84-87. 

Sloutsky, V. M., Kaminski, J. A., & Heckler, A. F. (2004). Transfer of learning between isomorphic artificial 
domains: Advantage for the abstract. In Proceedings of the XXVI Annual Conference of the Cognitive 
Science Society (pp. 1167-1172). Mahwah, NJ: Erlbaum. 

Sloutsky, V. M., Kaminski, J. A., & Heckler, A. F. (2005). The advantage of simple symbols for learning and 
transfer. Psychonomic Bulletin & Review, 12, 508-513. 

Sousa, D. A. (2006). How the brain learns. Thousand Oaks, CA: Corwin Press. 

Tan, P. N., Steinbach, M., & Kumar, V. (2005). Introduction to data mining. Boston, MA: Addison-Wesley. 

Tang, Z., & MacLennan, J. (2005). Data mining with SQL server. Indianapolis, IN: Wiley Publishing, Inc. 

Tas-idemir, M., & Ta^demir, A. (2008). A comparison of Turkish primary school students’ achievement in 
science and maths subjects. Journal of Qafqaz University, 22, 190-198. 

Tavijancil, E. (2006). Tutumlarin olqiilmesi ve spss ile veri analizi ( Measurement of attitudes and data analysis 
with SPSS). Ankara: Nobel Yayin Dagitim. 

Tschannen-Moran, M. & Mcmaster, P. (2009). Sources of self-efficacy: Four professional development formats 
and their relationship to self-efficacy and implementation of a new teaching strategy. The Elementary 
School Journal, 110(2), 228-248. 

Uzun, S., Biitiiner, S. E. &Yigit, N. (2010). A comparison of the results of TIMSS 1999-2007: The most 
successful five countries-Turkey sample. Elementary Education Online, 9 (2), 1174-1188. 

Wang, J. (2007). A trend study of self-concept and mathematics achievement in a cross cultural context. 
Mathematics Education Research, 19(3), 33-47. 

Wang, J. (2005). Relationship between mathematics and science achievement at the 8th grade. International 
Online Journal of Science Mathematics Education, 5, 1-17. 

Wilkins, J. L. (2004). Mathematics and science self-concept: An international investigation. Journal of 
Experimental Education , 72, 331-346. 

Wilson, P. S. (1971). Interest and discipline in education. London: Routledge and Kegan Paul Ltd. 

Wright, M., & Corin, A. (1999). Mathematics and science. Report to the division of mathematical sciences. 
Arlington, VA: National Science Foundation. 

Yaman, M., Ger^ek, S., & Soran, H. (2008). Analysis of biology teacher candidates’ occupational interests in 
terms of different variables. Hacettepe University Journal of Education, 35, 351-361. 

Yiiksel-$ahin. F. (2008). Mathematics anxiety among 4th and 5th grade Turkish elementary school students. 
International Electronic Journal of Mathematics Education, 3(3), 179-192. 

Zadeh, L. A. (1965). Fuzzy sets. Information and Control, 8, 338-353. 

Zakaria, E., & Nordin, N. M. (2008). The effects of mathematics anxiety on matriculation students as related to 
motivation and achievement. Eurasia Journal of Mathematics, Science & Technology Education, 4(1), 
27-30. 

Zimmerman, B. J., Bonner, S., & Kovach, R. (1996). Developing self-regulated learners beyond achievement to 
self-efficacy. Washington, DC: American Psychological Association. 


